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INTRODUCTION
Nowadays, the analysis of exhaled VOCs from human body and its linking to health status is an active field of research. Analyses of volatiles from patients offer the possibility of rapid diagnosis and also permit the long term monitoring of the population, for early detection of organ impairment or other illness [1] . Currently, the analysis of exhaled breath has been proposed as a novel alternative for an early diagnosis of many diseases. Indeed, human breath contains thousands of volatile organic compounds (VOCs) that may be used as predictive biomarkers of various diseases [2] , which offer the possibility that this new E-nose technology may have many medical applications. Breath collection is very patient-friendly and analysis potentially offers a non-invasive method for assessing organic compounds in the exhaled breath [3] . Compared to the blood or urine tests, breath analysis is a particularly beneficial diagnostic method, due to its non-invasiveness for medical screening, real-time for metabolic status monitoring and partly due to the wide applicability for all patients and rapid detection without any limitation in supply [4] . Chemical analytical methods allow detailed analysis of the composition of breath samples, but they are generally bulky, expensive and require the users to have expert knowledge [5] . This makes them unsuitable for personal healthcare, especially in situations where patients require personal portable machines for continuous monitoring. Contrariwise, E-nose technology was developed in the early 1980s in an attempt to replicate the mammalian olfactory system's ability to detect VOC's [6] . This instrument has been used to typify exhaled breath for research purposes [7] , and its compactness and ease of use make it a viable alternative to mass spectrometers (MS) instruments for point of care diagnosis through breath [5] . Enoses are easily portable, suited to near patient testing and have the potential to give a diagnosis of infection with minutes or few hours as opposed to days with the other conventional methods. In order to achieve this goal, multidimensional data obtained from the sensor array was analysed by statistical algorithms (e.g., Principal Components Analysis, Hierarchical Cluster Analysis) or by structural algorithms (neural networks) to discriminate and identify different samples [8] . On the other hand, there is recognized to be a clinically important relationship between upper and lower airways allergic inflammation, owing to a number of different mechanisms including the common allergic etiology of both diseases, an increased incidence of mouth breathing with rhinitis due to nasal obstruction [9] . In this context, the concentration of Carbon Monoxide (CO) and Nitric Oxide (NO) are increased in patients with allergic rhinitis [10, 11] , which lead to an exceptional fingerprint. The breath of a healthy person gives a different pattern compared to a sick one, which can be detected by the E-nose, without the use of expensive techniques to extract VOCs.
978-1-4799-8203-5/15/$31.00 ©2015 IEEE A total of 21 subjects (aged 21-32 years; both genders, with varied smoking habits) were tested after filling a short form regarding general background information (e.g. age, gender, smoking habits and medical treatment taken). More information about the groups and subgroups of subjects are described in Table 1 .
II. MATERIALS AND METHODS

A. Volunteer enrollment
B. Samples collection
We collected the exhaled breath of the SAR patients and healthy subjects before any food or beverage in-take. The sampling collections for exhaled breath have been performed after mouth rinsing with purified water. Volunteers were requested to exhale deeply through a mouthpiece to the chamber which contains the sensor array. A one way valve was tightly connected to this chamber that allows exhaled breath to flow forwards but not backwards and moreover, prevent any diffusion of external air into the chamber.
C. E-nose set-up
The developed electronic nose comprised an array of six chemical sensors (MQ2, MQ3, MQ9, MQ135, MQ137, MQ138) from Henan Hanwei Electronics Co., Ltd. These sensors are listed in Table 2 together with their target gases. The temperature sensor (LM35DZ) from National Semiconductor and a relative humidity sensor (Honeywell HIH 4000-002) were used for constantly monitoring the inner sensor chamber temperature and relative humidity. The principle for selection of these gas sensors was determined by sensitivity and selectivity of sensors to a limited number of the VOCs produced from human exhaled breath of many diseases. Each sensor of the array undergoes a reversible change in electrical resistance when exposed to an analyte. The signals of the sensor array were obtained for 120 seconds of sample exposure of exhaled breath VOCs. 
D. Data pre-processing and features extraction
Pre-processing of electronic nose data consisted of extracting the most significant features from the sensor response curves [12] . The features used for data analysis were extracted from the temporal responses of each sensor including: • G 0 : initial conductance of the sensor response calculated as the average value of its electrical conductance during the first 20 seconds of measurement.
• G s : steady-state conductance calculated as the average value of its electrical conductance during the latest 20 seconds of measurement.
• dG/dt: dynamic slope of the conductance calculated between 20 and 100 seconds of measurement. This corresponds to a phase of where a fast increase of sensor conductance is observed.
• A: area below the conductance curve in a time interval defined between 20 and 100 seconds of measurement. This area was estimated by the trapeze method.
Since there were 6 sensors within the array, each measurement was described by 24 features
E. Multivariate analysis
To show the response of the E-nose signals were used to form databases which were subjected to unsupervised or supervised multivariate data analysis methods. The main objective of using these methods in this application is to evaluate the performance of the E-nose at discriminating SAR patients and healthy subjects. Performance is assessed by employing both unsupervised and supervised methods such as PCA, HCA, and SVMs. Multivariate analysis methods are decisive factors for obtaining a versatile instrument that is able to reliably characterize a wide variety of VOCs [2] . Fig. 1 shows the typical responses generated by the MQ gas sensor during the exposure to reel breath samples corresponding to SAR patients and healthy volunteers, respectively. We found that the sensor response increased rapidly and fully reversibly to the value of the baseline. It can be seen that SAR breath response is evidently different to the healthy breath responses according to increased levels of Carbon Monoxide (CO) in breath of SAR patients compared with those in healthy controls [10] . Graphical displays are particularly suitable for illustrating sensor array response. The radar plot, used as a method to display data, is much recommended when it is associated with statistical analyses, which can often anticipate the classification of clusters. Different fingerprints could be extracted with each type of sensor as it is depicted in Fig. 2 by radar plots. This helps to easily visualize the differences among typical patterns. The radar plots show at a glance a clear pattern variation between the SAR patient and healthy subject.
III. RESULTS AND DISCUSSIONS
A. Electronic nose responses
C. Principal Component Analysis
Certainly, PCA score plot was used as an exploratory technique to investigate clustering of data points within the multi-dimensional space of features. Fig. 3 shows the projections of the experimental results on a three-dimensional (3D) plane formed by the first three principal components. The results of the PCA show that the sensors are strongly correlated, since 97.20 % of the variance of the data was explained only by the first principal component, PC1. The first three components, PC1, PC2 and PC3, captured 99.58 % of data variance. As we can see, the samples were grouped together in two clusters. Each of these groups corresponds to SAR and healthy breath samples. Applying PCA on E-Nose database allow us to distinguish perfectly among two distinct groups corresponding to the two subject groups. In an attempt to further enhance this finding and to test the discrimination capability of the developed E-nose instrument to characterize among VOCs in breath samples, we suggest to analyse the dataset of healthy subjects that contains two subgroups (i.e. smokers and non-smokers) by PCA method. Fig. 4 shows the three-dimensional score plot which accounts for 98.89 % of the total variance in the healthy breath data set. It can be clearly seen that a perfect discrimination among the two breath type have been obtained. This could be due to the high level of Carbon Monoxide (CO) in breath for smoker subjects compared with those of non-smoking subjects [13] .
D. Hierachical Clusters Analysis
HCA was also applied on E-nose database. The HCA dendrogram, with the Euclidean distance and Ward linkage to define clusters for classification of samples according to different subject groups is shown in Fig. 5 . At distance D ≈ 6000, the samples from SAR patients and healthy controls are perfectly grouped in the dendrogram. Working from right to left, the first cluster covers all the SAR patients and the second one contains other cluster according to the healthy subjects. 
E. Support Vector Machines
The SVM reached a 99.2 % success rate in the recognition of the different volunteer's breath regardless to their subject types. Table 2 shows the confusion matrix of the SVM classifier. The performance of the SVM model was evaluated using a leave-one-out cross-validation method. Rows indicate true categories and columns predicted categories. As it can be noticed in this table, only one mistake occurred: one measurement belonging to P65 was misclassified as belonging to P12, but the both subjects were healthy. This is in good agreements with the previous PCA and HCA results.
IV. CONCLUSION
The obtained results demonstrate that the electronic nose system based on six MQ gas sensors coupled to multivariable analysis techniques is expected as an available analytical tool to discriminate the breath samples according to SAR patients and healthy subjects; and furthermore, between the breath of smoker and non-smoker healthy subjects. This study has confirmed the usefulness of an electronic nose as rapid, noninvasive and inexpensive tool for breath gas analysis.
